A full understanding of the mechanism of post-transcriptional regulation requires more than simple two-state prediction (binding or not binding) for RNA binding proteins. Here we report a sequence-based technique dedicated for predicting complex structures of protein and RNA by combining fold recognition with binding affinity prediction. The method not only provides a highly accurate complex structure prediction (77% of residues are within 4 Å RMSD from native in average for the independent test set) but also achieves the best performing two-state binding or non-binding prediction with an accuracy of 98%, precision of 84% and Mathews correlation coefficient (MCC) of 0.62. Moreover, it predicts binding residues with an accuracy of 84%, precision of 66% and MCC value of 0.51. In addition, it has a success rate of 77% in predicting RNA binding types (mRNA, tRNA or rRNA). We further demonstrate that it makes more than 10% improvement either in precision or sensitivity than PSI-BLAST, HHPRED and our previously developed structure-based technique. This method expects to be useful for highly accurate genome-scale, high-resolution prediction of RNA-binding proteins and their complex structures. A web server (SPOT) is freely available for academic users at http://sparks.informatics.iupui.edu.
Introduction
Significant new interest in RNA-binding proteins (RBPs) are resulted from the discovery and characterization of microRNAs in post-transcriptional regulation and the implication of RBPs in many human diseases including HIV/AIDS, cancer and neurodegenerative disorders. 1 RBPs are encoded in large number (thousands) because their diversity appears to increase during evolution of post-transcriptional machinery and the increase in number of introns. Despite of their importance, many of these RBPs are yet to be uncovered and/or characterized. Computational prediction methods are therefore essential as initial steps for function annotation and characterization.
Function prediction for RBPs can be roughly classified into four levels of resolutions with different levels of details (low, medium, high and the highest). The first low level of prediction is a simple two-state classification of binding or non-binding to RNA. The next medium level is the location of RNA binding residues of RBPs. A high resolution prediction is to predict the RNA type that the RBP would bind. This prediction would provide further deeper understanding of the RBP function. The highest resolution will involve the prediction of the actual binding RNA sequence and its binding complex structure with the predicted RBP.
Most computational methods developed so far attempted to detect the sequence homologous and/or evolutionary relationship between un-characterized and characterized proteins. 2, 3 The assumption made in these methods is that homologous sequences have the same biological function. However, this is true only for orthologs. Even with help of sequence homology, there is less than half of identified proteins are annotated. 4 Moreover, many proteins have hidden function of RNA binding. 5, 6 Thus, it is necessary to develop sequence-based techniques that can detect function similarity in the absence of high sequence homology to known RBPs.
Several sequence-based classifiers for RBP prediction are based on support-vector machines (SVM) and limited to the low resolution prediction of binding or non-binding proteins. [7] [8] [9] [10] [11] [12] Early studies 7, 8 did not exclude homologous sequences from training or testing. Moreover, all these techniques were trained and tested in a balanced set with equal number of positive (RBP) and negative (Non-RBP) data sets. [9] [10] [11] [12] The reported Mathews correlation coefficient value for RBP classification is 0.53 for a sequence-based SVM classifier (5-fold cross validation on 134 RNA binding and 134 non-binding proteins) 11 and 0.72 for a structure-based SVM classifier for a dataset of 76 RNA binding proteins and 246 nonnucleic-acid binding proteins (leave-one-out test). 13 The performance of these techniques for such a balance set likely becomes recognition technique called SPARKS X 31 that is among the best performing single automatic servers in several critical assessment of structure prediction (CASP) meetings (CASP 6, 32 CASP 7, 33 and CASP 9 31 ). While many template-based structure prediction methods exist, the coupling between fold recognition and binding affinity prediction provides the first dedicated high-resolution function prediction for RBPs.
The new technique, called SPOT-Seq, is initially trained and validated on a dataset of 174 RNA-binding and 5,765 nonbinding protein chains, so that it can compare to other methods. SPOT-Seq achieves the highest MCC value of 0.61, when compared to PSI-BLAST, the commonly used sequence-to-profile homology search technique 34 (MCC = 0.48), HHPRED, a profile-profile fold-recognition technique based on the hidden Markov model 35 (MCC = 0.50), SPARKS X fold recognition method 31 (MCC = 0.57), and the structure-based prediction technique (SPOT-Stru, MCC = 0.56). More than 10% improvement in either sensitivity or precision or both are observed. Further expansion of test and training sets (431 RBPs) and template library (1,164 binding domains and chains) confirms the MCC of 0.62, accuracy of 98%, precision of 84% and sensitivity of 47%.
Result
Low resolution two-state prediction. Cross validation. Figure 1 compares the performance of PSI-BLAST, 34 fold recognition method HHPRED, 35 SPARKS X, 31 structure-based method SPOT-Stru (RNA) 29 and SPOT-Seq from this work by cross validation after removing all templates with >30% sequence identity to the target. The results are also quantitatively summarized in Table 1 based on thresholds optimized for the highest Mathews correlation coefficient. These results are obtained by taking one chain sequence from either RB-C174 or NB-C5765 and predicting whether it binds or does not bind to RNA. This large unbalanced dataset with 3% binding sequences is employed to mimic real situation where binding proteins are a small portion of all proteins. Table 1 indicates that SPARKS X improves 12% over PSI-BLAST in sensitivity and 5% in precision with similar level of accuracy. On the other hand, SPARKS X improves over HHPRED 35 mostly in precision (11%) at similar level of sensitivity and accuracy. The structure-based technique (SPOT-Stru), although has a much higher precision than the fold-recognition technique (SPARKS X) (94% versus 75%), but with a significantly lower sensitivity (35% versus 45%). Introduction of worse when applied to a real world situation where RBP is about 15% of all proteins. 14 Other methods make medium resolution prediction of RNA binding residues (or binding sites) directly based on either sequence-based 11, [15] [16] [17] [18] [19] [20] [21] [22] or structure-based 13, [23] [24] [25] [26] [27] information. The best reported values for Mathews correlation coefficient are between 0.47-0.51. 11, 25, 26 One issue associated with these techniques is that they will predict RNA binding sites even for the proteins that do not bind RNA.
This work is inspired by our structure-based prediction of DNA and RNA binding proteins [SPOT-Stru (DNA), 28 SPOT-Stru (RNA) 29 ]. We found that structural alignment to known protein-RNA complexes coupled with binding assessment with a statistical energy function based on distance-scaled finite ideal gas reference (DFIRE) state yields a highly accurate (98%) prediction of RBPs with a reasonable sensitivity of 36% and Mathews correlation coefficient (MCC) of 0.57 for a large benchmark of 212 RNA binding and 6,761 non-RNA binding domains. Its applications on additional APO and HOLO benchmarks and structural genomics targets yielded consistent accuracy and/or sensitivity.
This structure-based technique, however, has a limited application because the structures for the majority of proteins are unknown. The success of this structure-based technique motivates us to develop a sequence-based technique by coupling structure prediction with binding prediction, an approach proven successful for protein-DNA binding prediction. 30 Here we perform structure prediction by using the latest version of our fold binding affinity prediction further improves the precision from 75% in SPARKS X to 85% in SPOT-Seq without much change in sensitivity or accuracy. Discriminating binding from non-binding within the same fold. According to the SCOP annotation, 38 there are 44 folds shared by both RNA-binding and non-RNA-binding proteins in RB-C174 and NB-C5765. As shown in Table 2 , the majority (849/861) non-RNA binding proteins are filtered by SPARKS X while SPOT-Seq further reduces the number of false positives from 12 to 8 and leads to a very low false positive rate of 0.9%. At the mean time, SPOT-Seq increases the true positive rate to 37% (50/134) from 28% (37/134) given by SPARKS X. The result confirms that both fold recognition technique and energy calculation contributes to the power of distinguishing the RNA-binding proteins from nonbinding ones even within the same fold.
Medium resolution binding-residue prediction. The predicted binding complex between a target and a template RNA allows us to infer RNA binding residues for the target. We define an amino-acid residue as RNA-binding if any heavy atoms of the residue are less than 4.5 Å away from any heavy atoms of a RNA base. For a few proteins, we found that it is necessary to perform crystal symmetry operation to yield correct information on binding residues. We examine the accuracy of binding-residue prediction by focusing on true positive prediction of 78 proteins from the cross validation test on RB-C174/NB-C5765. Compared to native binding residues, we achieved 53% in sensitivity, 85% in accuracy and 63% in precision. The MCC value is 0.47. This value is significantly lower than 0.72, the MCC value given by SPOT-Stru. This suggests that structural alignment allows a better detection of RNA binding regions than model complex structures, predicted by SPARKS X due to inaccuracy of models predicted. In other words, SPARKS X improves over SPOT-Stru in sensitivity of detecting RNA-binding proteins (low resolution prediction) while reducing the accuracy of predicting binding regions (medium resolution prediction). Figure 2 displays 78 MCC values (open circles) for predicted binding residues as a function of Z-score. Clearly, there is a trend that higher Z-scores (high confidence in the accuracy for the model structure) leads to higher MCC values. However, there exist a few proteins with poorly predicted binding regions when Z-score <15. Figure 3 shows two examples: one with a reasonable prediction of binding residues but the other with a poor prediction. For the human Rnase H1 (target 2qk9A, Fig. 3A) , predicted (orange) and actual (magenta) RNA structures are located in a similar location, the predicted binding region (in Blue) is also close to the native binding region (in Red). The MCC value for predicted binding residues is 0.65 with a sensitivity of 97% and an accuracy of 93%. However, the predicted and actual RNA structures for the target A. fulgidus Piwi protein (PDB ID# 1ytuB, Fig. 3B ) are different. The native structure binds with double helix RNA and the binding residues are represented as red, but the predicted structure based on the template (3f73A) binds with a single strand RNA that only partially overlaps with native RNA structure. This leads to wrongly predicted binding residues (in blue). This error is likely caused by the fact that predicted protein structure (green) for 1ytuB is only a part of the actual native structure. High resolution prediction of binding RNA types. The next resolution level of function prediction is to predict the types of RNA that bind to the target protein. We manually classified the types of RNA included in our template library, according to the annotation of DAVID. 41 In the template library (RBT-355), 272 are annotated into 5 types of RNA-binding proteins. There are 189 proteins binding with tRNA, 148 binding with rRNA, 47 binding with mRNA, 25 binding with synthetic RNA and 7 binding with SRP RNA. Because some RNAs have more than one function, the total number of proteins with annotated RNA binding types is less than the number of RNAs grouped according to function.
The ability of our method to predict the type of binding RNA is examined by analyzing 78 true positives (RNA-binding domains). These 78 RNA-binding domains contain 48 tRNAbinding proteins, 34 rRNA-binding proteins, 10 mRNA-binding proteins, 3 synthetic RNA-binding protein, 3 SRP RNA-binding proteins. If we use the template RNA in the predicted complex structure to predict the binding RNA type for the target protein, we achieve success rates of 90% (43/48) for tRNA, 91% (31/34) for rRNA and 70% (7/10) for mRNA. Table 3 listed all mis-predicted RNA types. They are between tRNA, rRNA and mRNA.
The highest resolution: protein-RNA complex structure. To examine the quality of predicted structures, we used TM-Score from TM-Align 42 to compare the native and predicted structures which is 1 for perfect agreement and about 0.2 between two random structures. For 78 correctly predicted targets, the average TM-Score is 0.73. One can also measure the structure similarity by the fraction of residues in model structure has an rootmean-squared distance (RMSD) of 4 Å or less. We found that the medium value is 72%. We found that one structure for the target 2j035 (50S ribosomal protein L31) was predicted poorly (TM-Score < 0.4 and only 22% residues has RMSD < 4 Å). This large error in predicted structure is caused by the non-globular shape of the native structure (a small 59 residue protein with a radius of gyration of 23.4 Å). We further found that the structural accuracy of binding regions is higher than that of whole proteins. For example, the binding regions of 15 targets have more than 95% residues with RMSD < 5 Å. By comparison, only 8 targets satisfy the same criterion for the whole protein.
As an illustrative example, Figure 3A showed the predicted and actual complex structures with RNA for target 2qk9A (human Rnase H1). The template 1zbiB (Bacillus halodurans RNase H catalytic domain) was located with a Z-score of 18.0 and the binding energy of -1.62. In this example, 50% aligned residues of native structure and predicted structure has RMSD < 4 Å, much lower than the medium value of 72%. This is largely due to a helix near binding region in the template, but only a coil in the native structure. Yet, the binding region is reasonably accurately modeled based on the proximity of blue and red colors (a MCC value of 0.65, a sensitivity of 97% and an accuracy of 93%). This remote homologous template is identified despite of a low sequence identity of 13.3%. In this example, the conformation of RNA is also modeled correctly. For Figure 3B , only a portion of the target A. fulgidus Piwi protein (PDB ID# 1ytuB) is predicted. This portion was predicted with a TM-Score of 0.75. The RNA type in the template is not annotated. : the fraction of correctly predicted RNA binding types in actual number of proteins in that type. f The highest resolution of complex structure prediction based on the average structural similarity score (TM-Score), medium value for the percentage of aligned residues in the model structure with RMSD <4Å from the native structure, percentage of targets with 95% predicted residues within RMSD <5 Å from the native residues for the whole protein and binding regions only. value reduced from 0.67 to 0.60). The most reduction is in the sensitivity from 56% to 45%. This reduction of sensitivity is somewhat expected because the RB-IC257 set contains low resolution X-ray structures and NMR structures. The performance of binding residue prediction for the independent test set is also reduced in accuracy (1%), precision (6%) and sensitivity (2%). The accuracy of predicted complex structures also decreases somewhat (TM-Score from 0.69 to 0.66 and the fraction of residues with RMSD < 4 Å from 78% to 76%). We hypothesize that the poorer performance for RB-IC257 may be because it was compiled by including low resolution X-ray structures, EM structures and NMR structures and recently solved structures. These structures lead to less accurate model structures.
To verify this hypothesis, we randomly divided to RB-IC257 and RB-C174 into two independent sets of RB-C216 and RB-C215. We first employed RB-C216/T1164 to train the thresholds and found that these thresholds are nearly identical to those trained by RB-C174/T1164 [(8.04, -0.565) vs. (7.47, -0.561) for Z-score and energy thresholds]. Then, we applied these thresholds to RB-C215. The results are shown in Table 4 . Indeed, we found that the results on RB-C216 and RB-C215 are essentially the same at every resolution level of function prediction except expected fluctuation for RNA-type prediction due to the small number of annotated RNA binding types. For example, the MCC value for the two-state prediction is 0.62 for training or test while the MCC values for the binding residue prediction are 0.50 and 0.51 for training and test, respectively.
The sequence identity between the target and template (3f73A3) is 2.0%.
Discrimination against DNA binding proteins. We tested the ability of SPOT-Seq for separating RNA and DNA binding proteins by applying the method to the dataset of 250 non-redundant DNA binding proteins (DBPs) collected by us previously in reference 28. We employed the thresholds for Z-score and binding affinity obtained by optimizing the MCC value for RB-C174/NB-C5765. Only 5 out of 250 DBPs are predicted as RBPs. Among these 5 predicted RBPs, four have high sequence identity (>77%) with the templates and are known for binding with both RNA and DNA. The remaining target 1sfuA (the viral Zalpha domain 43 ) is a remote homolog of the template 2gxbB with a sequence identity of 27.1%. 1sfuA was also predicted as RNA-binding proteins in previous structure-based study. 29 This poxvirus protein is E3L protein that has a Z-alpha motif similar with ADAR1 (double-stranded RNA adenosine deaminase) which is known to bind with Z-RNA. 44, 45 Thus, there is no false positive from DNA-binding proteins.
Effect of the expanded template library. Table 4 examines the effect of the expanded template library at all four levels of prediction resolutions. It is clear that expanding template library from 355 to 1,164 protein domains and chains improves sensitivity from 45% to 56% at the expense of reducing precision from 85% to 81%. The effect on the ROC curve can be found in Figure 2 . SPOT-Seq with RB-T355 has a higher sensitivity (or true positive rate) only at a very low false positive rate (<0.2%) while SPOT-Seq with RB-T1164 has a higher sensitivity at low to moderate false positive rates. The overall MCC value increases from 0.61 to 0.67 due to the expanded library.
For binding residue prediction, expanding templates improve both precision (from 63% to 69%) and sensitivity (from 53% to 60%) without change to accuracy. This leads to an improved MCC value from 0.47 to 0.53. Figure 2 compared the MCC values as a function of Z-Score given by different template libraries. Expanding templates reduces the number of poorly predicted binding regions (MCC < 0.2) from 10 to 7.
The effect of the enlarged template library on prediction of RNA types is mixed. There is a reduction of success rate from 90% (43/48) to 67% (46/69) for tRNA, improved success rate from 70% (7/10) to 82% (9/11) for mRNA and unchanged success rate [91% (31/34) versus 92% (48/52)] for rRNA. This large fluctuation suggests that the dataset may be too small to assess the accuracy of RNA type prediction. The overall success rates are essentially the same (77% for RB-T355 and 78% for RB-T1164). We further examined the prediction ability on the highest resolution of protein-RNA complexes. We found that the average TM-score is reduced from 0.73 to 0.69 while the medium value for the fraction of residues with RMSD < 4 Å increases from 72% to 78%. This somewhat conflict result reveals the difficulty to consistently assess the quality of predicted structures.
Independent test. Table 4 also displays the results of independent test on RB-IC257 based on the thresholds generated by the cross validation set of RB-C174/NB-C5765 with the template library of RB-T1164. Overall speaking, there is a somewhat reduction of performance in the two-state prediction (the MCC SPOT-Seq has one obvious limitation. It relies on the availability of protein-RNA complexes as templates. It will not be able to predict RNA-binding proteins whose structures do not have a template in the template library or when its template in the library is difficult to recognize. We have used the RB-T355 library that includes both domains and chains with 95% sequence-identity cutoff for the purpose of maximizing available templates. The low sensitivity (45%) is in part due to lack of structurally matching templates. Although expanding the number of templates from T355 to T1164 improves sensitivity, it reduces precision at the same time because a low resolution RBP structure will more likely make a false match to a non-binding structure. More importantly, tripling the number of templates from 355 to 1,164 does not expand the structural space as much. For example, in the RB-IC257 set, there are 141 false negatives that have 52 targets with TM-score > 0.5 to the structures in T355. The number of structurally similar templates only increases by 24 to 76 targets when the number of templates expands to 1,164. It is clear that significantly more high-quality, non-redundant protein-RNA complex structures are needed with the current method in order to further advance the sensitivity and precision at the same time.
Knowing the fraction of correct predictions in all predictions (precision) is important. The final precision of 84% based on optimized MCC value on 216 positives and 5,765 negatives is likely a low estimation for the actual precision when applying to a genome because our non-binding proteins are significantly more than the number of our binding proteins. In fact, when
Discussion
In this paper, we described the first technique that provides prediction of RNA binding proteins at all four levels of resolution. At the low resolution level of two-state prediction, its MCC value based on a large dataset of 216 binding proteins (or independent 215 binding proteins) and 5,765 non-binding proteins is 0.62 (0.62). This value is higher than 0.53, the best reported, sequencebased SVM classifier method (5-fold cross validation on 134 RNA binding and 134 non-binding proteins only). 11 Its MCC values for the medium resolution prediction of RNA-binding residues [0.50 (0.51)] for RB-C216 (RB-C215) sets are comparable to 0.47 given by the same SVM classifier. 11 More importantly, the high-resolution prediction of binding RNA types and binding complex structures are highly reliable. The overall success rates are 77% and 78% for training and test, respectively. The average TM-score for predicted structures is 0.66 (0.66 also for RB-C215). One important feature of SPOT-Seq is its ability to separate RNA from DNA binding proteins. It yields zero false positives when applied to 250 DNA binding proteins.
We would like to emphasize that we have purposely trained and tested SPOT-Seq in entire chains of proteins, rather than protein domains. This is to mimic the real-world situation that in most cases, protein domain boundaries are unknown. SPOT-Seq will allow direct identification of RNA-binding domains from the target chain as it searches for the best matching domain and/or chain from the template library. Figure 3 . Comparison between the predicted (green) and actual (yellow) complex structures for two targets with RNA structures colored in cyan for predicted and orange for native RNA structure and binding regions colored in Red for native structure and Blue for predicted structure. (A) Target 2qk9A predicted with template 1zbiB (sequence identity between them is 13%). (B) Target 1ytuB predicted with template 3f73A3 (sequence identity between them is 2.0%). Using the complex structure of model target and template RNA we can estimate the binding affinity according to a statistical energy function based on the distance-scaled finite ideal-gas reference state 37 that was extended to protein-RNA interaction (DRNA). 29 In this work, we made no changes to the DRNA energy function. However, the binding affinity is evaluated with mainchain atoms and C β atoms only to avoid the need to build sidechains in this initial development of the technique. If the binding affinity is higher than a to-be-determined threshold, the target protein is predicted as RNA binding and its complex structure model serves as the basis for the high-resolution prediction of RNA binding function. For convenience, we shall label our method as SPOT-Seq.
Template library. For comparison, we initially employ both binding and non-binding chains from the structure-based method SPOT-Stru (RNA). 29 These 225 high-resolution RNAbinding protein chains are protein-RNA complex structures (the July 2009 release). They are divided into domains according to SCOP annotations 38 or by automatic technique called DDOMAIN 39 if SCOP annotations are not available. A domain is RNA-binding if it has at least five amino acid residues whose heavy atoms are within 4.5 Å from any heavy atoms of nucleotide functional groups. Redundancy in resulting domains is removed by using BLASTClust with 95% sequence identity cutoff. 34 This leads to 250 domains as binding templates. To increase sensitivity, both original chains and domains are included in our template library and lead to a final template library of 355 RNA-binding protein structural templates (RB-T355). Non-binding templates are from the non-binding protein-domain sets of 6,761 domains obtained previously based on 25% sequence identity cutoff. 29 We only include the original chains into the template library with a 25% sequence identity cutoff. The final number of templates after a 25% sequence identity cutoff is 5,765 (NB-C5765).
Test/cross validation datasets. RB-C174 and NB-C5765. We built a cross-validation data set of RNA-binding sequences including all 431 positives with 5,765 negatives (7% positives, still smaller than estimated 15% positives in a genome) as a single set, one would have a precision of 91% because the number of false positives 20 does not change. Moreover, a close examination of those 20 false positives indicates that at least two are likely true positives. One is mitochondrial aconitate hydratase in Bos taurus (Bovine) (chain A in PDB ID #1c96). Although this protein is not annotated as RNA binding, aconitate hydratase 1 of E. Coli was found to bind with mRNA 3'-UTR binding. 46 The second one is human Cytotoxic T-lymphocyte protein 4 (CTLA4) where RNA aptamer inhibitors were found recently in reference 47. More importantly, one half of 20 false positives are also identified as positive by our structure-based SPOT-Stru method. Thus, we expect that our SPOT-Seq has a precision close to 90% and the application of our method for genome-wide prediction will lead to highly accurate prediction results.
Finally, one important advantage of this SPOT technique is its reasonable speed. For example, it only takes 1,107 CPU hours (46 days) on a single processor PC to scan about 7,380 genes in yeast genomes. We will report these results in a separate paper. A freely available, easy-to-use webserver (SPOT) is available for academic users at http://sparks.informatics.iupui.edu.
Methods
Function prediction protocol. The method proposed here is similar to the structure-based technique called SPOT-Stru (RNA) developed by us 29 except that the structure is predicted by fold recognition technique called SPARKS X. 31 The flow diagram is shown in Figure 4 .
First, we perform fold recognition between the target sequence and templates in the template library of RBPs by SPARKS X. 31 Our template library is built on a collection of RNA binding and non-binding proteins (see the section on Test/cross-validation datasets). SPARKS X 31 attempts to match the sequence profile of the target sequence (generated from PSI-BLAST 34 ) and predicted one-dimensional structural profiles (secondary structure, solvent accessibile surface area and backbone torsion angles from SPINE X 36 ) to the corresponding profiles of the template structures in the library. The sequence-structure matching score is measured by Z-Score where (1) where S i is the alignment raw score between target and template i and S mean and σ are the average raw score and the standard deviation for all templates. Typically, a Z-score of higher than 6.0 is considered as a significant template hit.
If the Z-score for any of RBP templates (after removing all templates >30% sequence identity) is higher than a threshold to be determined, a complex structure of the target protein and template RNA is built by replacing template protein sequence with target protein sequence based on the sequence-to-structure alignment from SPARKS X. For this study, the gap region is not modeled for simplicity. provides an overall assessment of the method performance with 1 for perfect agreement. One should note that sensitivity can also be called as coverage of true positive prediction while precision is fraction of corrected predictions in all positive predictions. Other methods and threshold optimizations. PSI-BLAST is employed for searching homologous sequences by searching against the NCBI non-redundant sequence library for four iterations. If a target has at least one template from RB-T355 with an E-value lower than a to-be-determined threshold, the target is considered as a RNA-binding protein. Any templates having >30% sequence identity with the target sequence is removed. The threshold is optimized by maximizing the MCC value. SPARKS X is a method without the steps for building the complex structure and prediction of binding affinity in Figure  1 . Z-Score threshold, optimized by maximizing the MCC value, is 7.
To assess the ability to detect RNA-binding proteins of SPARKS X, relative to other fold-recognition methods, we employed HHPRED as an example because it is one of the best fold-recognition techniques in CASP. 40 HHPRED version 1.5.1 was downloaded from toolkit.tuebingen.mpg.de/hhpred/. Default parameters, options and scripts were used to generate HMM profiles for both targets and template proteins. We also tested the option "-mact" and results are essentially the same. Probability was used as a significant score in the prediction.
Two thresholds of Z-score and binding affinity for SPOT-Seq (i.e., SPARKS X + DRNA) are optimized by a grid-based search for the highest MCC value. The binding affinity threshold is obtained by considering the lowest energy value at different Z-scores of a given target. For the prediction of RNA-binding proteins, the Z-score threshold is 6.6 and the energy threshold is -0.28. For the expanded template library (RB-T1164), the Z-score threshold is 7.47 and the energy threshold is -0.561, respectively. This was optimized based on the dataset of RB-C174 and NB-C5765. A larger template library leads to stricter Z-score and energy thresholds to prevent false positives, as expected. The same thresholds are applied to independent test set of RB-IC257.
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by removing redundant sequences of all sequences contained in RB-T355 with BLASTClust 34 at a sequence identity 25% cutoff. A total of 174 sequences (RB-C174) remained. Only full chains (not domains) (RB-C174 for positive and NB-C5765 for negative sets) are employed for cross validation.
Expanded template library and independent test set. The above template library was based on high-resolution X-ray structure (3 Å or less) on July 2009. To examine the effect for an expanded template library and provide an independent test set, we downloaded all pdb structures that contains RNA and protein on April 1, 2011. After removing the structures contained in the template library, we obtained 1,027 complex structures that are separated into chains and domains according to SCOP 38 or DDOMAIN 39 classifications. After removing domains with less than 60 residues or having less than 5 binding residues and redundant domains with more than 95% sequence identity by BLASTClust, we obtained 612 domains in addition to 250 domains previously obtained. Both domains and their respective chains are included in our new expanded library with a total of 1,164 templates including RB-T355. We shall label this library as RB-T1164.
There are a total of 566 chains contained in the new template library. These sequences are clustered with BLASTClust at a sequence identity of 25% cutoff among themselves and the sequences contained in RB-C174. This leads to an independent test dataset of 257 chains (RB-IC257). However, this independent test set cannot be considered as representative because it contains both high and low resolution structures. Thus, we randomly divide RB-C174 and RB-IC257 into two equal sets of 216 and 215 chains, respectively (RB-C216 and RB-C215). One will be used for final training and one for final testing. 
